I. Introduction
===============

One way to keep track of the human body's most basic functions is by checking its vital signs, which includes body temperature, heart rate, respiration rate, and blood pressure. These variables can be monitored using wearable devices. Currently, wearable devices are on their way to their golden era. For the last couple of years, the market value of wearables has gradually climbed. The total shipment of wearable devices, including smartwatches, wrist bands, and ear-worn devices, climbed from 45.1 million units in 2017 to 59.3 million in 2018 \[[@b1-hir-26-2-83]\]. Apple had the highest shipment volume, followed by Xiaomi, Huawei, Fitbit, and Samsung. However, Apple's shipments comprised AirPods and Beats headphones in the ear-worn category.

With various powerful wearable devices commercially available, there is still a lack of supporting applications that use these data to score the user's overall wellbeing, which includes physical health and psychological health. Along with physical health and psychological health scores, suggestions based on these data can be created to improve users' overall health and life quality. Researchers from several institutions have put significant efforts into studying the effects of wearable devices on health and wellbeing.

Lifelogging, also called quantified self (QS) is a dedicated action toward gathering, monitoring, recording, and measuring information of an individual's behaviors, biological function, physical, or environmental data, and acknowledging the information. In other words, QS is a self-tracking activity with actions toward the data. The term QS was first introduced by Wolf and Kelly \[[@b2-hir-26-2-83]\] in the QS blog. The objective of this activity is to assess the individual's physical and psychological health level. Using the individual's behaviors, biological functions, and physical and environmental data as well as their health level, advice can be created to improve their health and life quality.

As technologies become more accessible, other measurable variables from different area of interest are increasing simultaneously. According to several studies \[[@b3-hir-26-2-83],[@b4-hir-26-2-83]\], areas that are often used in QS are physical activities, diet, psychological states and traits, mental and cognitive states and traits, environmental variables, situational variables, and social variables.

This review paper aims to summarize the progress of research on consumer wearable device intervention in assessing physical and psychological health. First, we began this review by studying previous review papers to see the general trends of current wearable device research. As background, we provide a general overview of QS before comparing the latest relevant studies. We review the previous studies from three points of view: (1) data collection tools including wearable device accuracy, (2) self-reported data collection, and (3) study design and data processing.

II. Methods
===========

A systematic literature search was performed in several well-known databases related to computer science and health science, such as PMC, Scopus, ScienceDirect, arXiv, and bioRxiv. "Wearable device research" was used as the main keyword in this literature search to limit the search area. At first, there were more than 3,000 papers queried from all databases. A quick skimming of the title and abstracts of each article was conducted to exclude irrelevant articles that focused more on technical details and hardware rather than the use of this technology for intervention. This selection process was also done to remove duplicate articles across all databases. After this initial screening, there were 209 research articles gathered; these included 41 articles from PMC, 41 articles from ScienceDirect, 79 articles from Scopus, 39 articles from arXiv, and 9 articles from bioRxiv. Finally, after a careful selection process that involved all parts of each article, only 25 research articles were included in a thorough review. These included 9 review papers, 3 wearable accuracy articles, 3 self-reported data collection tool articles, and 10 wearable device intervention research articles. The overall selection process is presented in [Figure 1](#f1-hir-26-2-83){ref-type="fig"}.

To review the selected papers, three important aspects were proposed to make a comparison of the findings from all studies. The first one is wearable device accuracy because it is still a major issue for researchers who want to employ this technology in their research. The next aspect is self-reported data collection tools. To yield better insights for patients and physicians, data captured by wearable devices is ideally complemented by other personal data that can only be manually logged by users or patients. Study design and data processing is the next important aspect covered in this paper to give an overview to readers regarding how previous studies have been conducted and analyzed.

III. Results
============

To identify the current trends in wearable device research, 9 of the latest review papers that were published no earlier than January 1, 2018 were selected as the basis of the whole review process. Three of them comprehensively assessed wearable device technology intervention for general physical activities \[[@b5-hir-26-2-83]--[@b7-hir-26-2-83]\], while the other six papers covered more specific topics, such as sports \[[@b8-hir-26-2-83]\], work environments \[[@b9-hir-26-2-83]\], disease-specific cases \[[@b10-hir-26-2-83],[@b11-hir-26-2-83]\], accuracy \[[@b12-hir-26-2-83]\], and machine learning implementation \[[@b13-hir-26-2-83]\], as seen in [Table 1](#t1-hir-26-2-83){ref-type="table"}. Based on this initial review, 16 studies were further assessed. [Table 2](#t2-hir-26-2-83){ref-type="table"} summarizes all these studies based on the year of publication, main objective, study design, and general outcomes or insights.

1. Wearable Device Accuracy
---------------------------

Wearable devices, such as smartwatches and fitness trackers, are a very convenient way to measure daily activity \[[@b14-hir-26-2-83]\]. Most of these devices contain movement-related sensors, such as accelerometers, gyroscopes, global positioning systems, and compasses, to predict user movement and interpret the information as a daily step count, calorie burned, active time, exercise log, sleep time, and even sleep quality \[[@b8-hir-26-2-83],[@b11-hir-26-2-83]\]. Other sensors are heart rate and environment-related sensors, such as barometer, altimeters, ambient light meters, and thermometers. Prior to selecting the wearable device that will be used in a study, careful precautions must be taken to avoid unwanted results related to measurement errors. One important factor usually considered in this process is the device's accuracy. This refers to the quality of a sensor's reading, which consequently affects the quality of the measured results.

Heart rate monitoring and step counting are two of the most important wearable device measurements commonly included in recent studies. A single-subject study conducted by Nelson and Allen \[[@b15-hir-26-2-83]\] successfully evaluated the heart rate measurement of two of the most popular wearable devices on the market, Apple Watch 3 and Fitbit Charge 2. These two devices were worn for 24 hours to continuously measure a single subject's heart rate during five daily activities, namely, sitting, walking, running, daily living activities, and sleeping. Measurement results obtained by both devices were compared to measurement from a gold standard ambulatory electrocardiogram (ECG) as the ground-truth data. Both tested devices showed a generally accurate measurement compare to ECG measurement across all of the activities.

Another study demonstrated a promising finding regarding the accuracy of commercial wearable devices in measuring heart rate and step count \[[@b16-hir-26-2-83]\]. In this study, 15 commercial wearable devices were tested to measure heart rate, step count, and sleep duration in 6 healthy participants. The authors designed various scenarios for all measurement variables. Surprisingly, Apple and Fitbit, as the most popular devices, were outperformed by other brands, such as TomTom and Huawei.

In addition to heart rate monitoring and step counts, wearable technology can also estimate cardiorespiratory fitness, which is usually represented by the VO~2max~ value, as a vital sign for individuals' health status using data gathered from the sensors. Recently, Kwon et al. \[[@b17-hir-26-2-83]\] successfully conducted a cross-sectional study to develop a model that can estimate VO~2max~ values. They used a Fitbit product to collect a relatively large amount of daily activity data, especially heart rate, from 191 participants. They managed to address the inaccuracy issue of Fitbit measurement by developing a model that relies on the pattern of time-series data rather than depending on single data points.

2. Self-Reporting Data Collection
---------------------------------

To complement data captured by wearable devices, a self-report form is usually used to collect other relevant information from users. Usually, these data are used as the dependent variable. In general, these data can be divided into three groups: health awareness, physical health, and mental health.

### 1) Health awareness

Health awareness can be associated with behavior or habits that can influence the user's health status. Many studies have targeted several variables to measure health awareness changes in their participants, including exercising or physical activity duration and frequency, eating nutritious foods or diet, smoking and alcohol drinking habits \[[@b18-hir-26-2-83],[@b19-hir-26-2-83]\]. These variables can represent the participants' willingness to develop a healthier lifestyle or behavior. Thus, by making health-related issues a subject of discussion and more salient in people's everyday lives, their health awareness should rise \[[@b20-hir-26-2-83]\].

### 2) Physical health

As mentioned before, there have been many studies that have shown that QS technology can trigger health behavior change, such as physical activity that has a positive effect on people's health \[[@b21-hir-26-2-83]\]. A study was conducted by Jang et al. \[[@b22-hir-26-2-83]\] to evaluate the impact of wearable devices and mobile-based intermittent coaching to improve the physical health of their participants. The physical health of their participants was assessed using the usual gait speed, International Physical Activity Questionnaire (IPAQ) scores \[[@b23-hir-26-2-83]\], and European Quality of Life-5 (EQ-5D-5L) Dimensions scores \[[@b24-hir-26-2-83]\]. The IPAQ is a questionnaire consisting of four questions about health-related physical activity. On the other hand, the EQ-5D-5L is a health assessment instrument that comprises five dimensions: mobility, self-care, usual activities, pain/discomfort, and anxiety/depression.

### 3) Mental health

Wearable device intervention can have advantages for physical health as well as mental health or psychological wellbeing, which associated with better life status. Stress, depression, and anxiety are some of the most common mental health problems for modern office workers. One of the most common measurement tools that can be used to assess a person's mental health is Perma Profiler. This questionnaire includes several points to describe someone's wellbeing status, including positive emotion, negative emotion, happiness, and loneliness \[[@b25-hir-26-2-83]\]. Stiglbauer et al. \[[@b26-hir-26-2-83]\], used this tool in their longitudinal study in validating the benefits of wearable intervention for human wellbeing. An earlier study conducted by Sano et al. \[[@b27-hir-26-2-83]\], combined five different types of mental health measurement tools \[[@b28-hir-26-2-83]--[@b32-hir-26-2-83]\] to gather complementary data to support their observational study. Additionally, they also developed a web application as an e-diary to capture daily data from participants.

3. Study Design and Data Processing
-----------------------------------

Planning a good study design is crucial to obtain high-quality research results, especially when a group of people are involved as participants. Two types of study designs are usually applied in wearable-based research. The first type is case-control study, and the other is pre--post study. These two types of study designs involve specific interventions to be implemented either with a particular group or all samples; therefore, both study designs are very suitable for wearable device intervention research. However, observational study is also a possible alternative that can be adopted to assess the benefits of wearable devices in normal daily live. Each study design has its own advantages, depending on the research objectives. In addition to these general study designs, researchers have recently started to study machine learning implementation in processing wearable device data to detect or predict several vital signs and health problems. This section covers the elaboration of study design from the most recent wearable device research in two main groups, namely, studies on general health and wellbeing and disease-specific studies, including how researchers process and analyze the data.

### 1) General health and wellbeing research

The most recent research on wearable devices for general wellbeing using a pre--post design was done by Stiglbauer et al. \[[@b26-hir-26-2-83]\]. The main objective of their research was to explore the potential benefits of wearable devices in affecting health and wellbeing. They did a longitudinal randomized control study to measure health consciousness, physical health, and indicators of psychological wellbeing as the dependent variables. After a thorough screening using their inclusion--exclusion criteria, 25 participants were excluded out of 105 students. The selected participants were then asked to wear Xiaomi Mi Band 2 to track their activities for two weeks. A baseline questionnaire at the beginning of the study and an evaluation questionnaire at the end were compared to see the effect of wearing a fitness tracker on the previously mentioned dependent variables.

Another interesting study was conducted by Jang et al. \[[@b22-hir-26-2-83]\], which focused only on elderly people in a rural area. The motivation of this study was to use technology intervention to support the subjects of the study to optimize their healthcare. In this 13-month pre--post study, the participants initially were given a 6-month coaching program to use the wearable device, followed by a 1-month rest, and a 6-month self-management program. The researchers randomly recruited 22 participants, who were divided into two groups based on their frailty (robust and prefrail) with several inclusion criteria. From this study, a significant health improvement occurred in the prefrail group, indicated by the increase of usual gait speed, IPAQ scores \[[@b23-hir-26-2-83]\], and EQ-5D-5L Dimensions score \[[@b24-hir-26-2-83]\]. To analyze the data, a non-parametric Mann--Whitney--Wilcoxon test and Fisher test were used because of the relatively small sample size. These tests were applied to compare mean from two different states, at the beginning of the program and the end of the program.

### 2) Disease-specific research

Besides the research exploring the effects of wearable devices on general human wellbeing, other research focused on specific diseases has also been done in recent years. The rapid advancement of wearable device technology provides an opportunity for physicians and researchers to design and monitor good treatments for patients. For instance, Compagnat et al. \[[@b33-hir-26-2-83]\] recently published an exploratory research report on the utilization of wearable device in monitoring the walking habits of post-stroke patients. They recruited 35 individuals who had history of a single stroke that had been confirmed by brain imaging, the ability to walk for six minutes without the support of others, and no decompensated chronic pathologies. The main objective of this study was to validate the accuracy of wearable device measurement and to identify the best sensor position to obtain the most accurate measurement. The study concluded that to gain more accurate measurement, the best position of a wearable device for stroke patients is on either the unaffected ankle or hip.

One expectation of including wearable device intervention in a patient's treatment program is to yield good treatment adherence and thus to boost physical improvement. This motivation was the main background of one study conducted by Cheong et al. \[[@b34-hir-26-2-83]\] to explore the benefits of wearable intervention in improving the physical performance of colorectal cancer patients after receiving chemotherapy treatment. In total there were 75 patients who were undergoing chemotherapy treatment included in this study. Patients were given a 12-week program that required them to wear Partron's Urban wearable device, which was complementary to a mobile application that recorded daily activities. To measure each patient's physical improvement, an IPAQ short-form was provided \[[@b23-hir-26-2-83]\]. This study showed that there was an increase in physical activity in the patients six weeks after the beginning of the program. However, during the period between 6 to 12 weeks of the program, there was a decrease in physical activities. To compare the physical health states before and after the program, a paired *t*-test was applied.

Another promising study was performed by Lim et al. in which they implemented statistical and machine learning methods to explore the association of wearable device data, daily steps and resting heart rate (RHR), with clinical markers related to cardiovascular and metabolic disorders (CVMD) in 233 participants \[[@b35-hir-26-2-83]\]. They found that both daily steps and RHR are significantly associated with clinical markers, such as systolic blood pressure, diastolic blood pressure, as well as fasting levels of total cholesterol, high-density lipoprotein, low-density lipoprotein, and so forth. Their findings successfully validated the advantages and usefulness of wearable devices beyond the simple monitoring of daily activities.

IV. Discussion
==============

This paper is aimed to help researchers who want to conduct studies on wearable device interventions. Based on the lessons learned from previous research, in designing a good quality study that uses wearable device as the data collection tool, researchers need to consider four important factors, namely, effective study design, participant recruitment, wearable device selection, and data analysis strategy. The most crucial factor in an experimental study that involves participants is to plan an effective study design and protocol. Pre--post, case-control, and the combination of these two designs are the most frequently selected choices implemented by researchers. These two types of study designs are commonly used in medical research. Pre--post studies are usually conducted to evaluate whether the proposed program can make a positive contribution to improving the health, psychological wellbeing and health awareness of the participants. On the other hand, a case-control study allows researchers to examine the benefits of wearable devices in two different groups.

The next aspect is the participant recruitment strategy. Research frameworks as part of the study design can be a guideline for determining the number of participants and a strategy to recruit them. To recruit only appropriate participants, inclusion and exclusion criteria need to be defined. These criteria depend on the scope of the study. If the researchers target healthy people, then the most obvious inclusion criteria are that the participants must be in a good general health. For other studies, more inclusion and exclusion criteria might be needed to eliminate any potential bias that can lead to poor data analysis.

Researchers also need to decide the most appropriate wearable device to be used. From the aforementioned relevant research, the most popular consumer devices are Fitbit products \[[@b12-hir-26-2-83],[@b36-hir-26-2-83]--[@b41-hir-26-2-83]\]. Fitbit products achieve a higher accuracy than other consumer wearable devices. Accuracy is the main factor for researchers to choose Fitbit for their data collection tools. However, other brands, such as Xiaomi Mi Band, offer more affordable cost for researcher to do a study with larger numbers of participants.

The most important aspect of wearable-based research is an effective and robust data analysis strategy. The use of wearable devices can generate a significant amount of data for researchers to analyze. Statistical methods are still the first choice because of their powerful and comprehensive analysis capability. A common type of hypothesis that needs to be proven is whether there are significant differences in two groups or two states. By using a statistical test, such as a paired *t*-test, Mann--Whitney--Wilcoxon test, or Fisher test, the comparison score between two means can be obtained \[[@b22-hir-26-2-83],[@b34-hir-26-2-83]\]. Additionally, wearable device data can be analyzed in a more advanced machine learning framework, such as deep learning \[[@b42-hir-26-2-83],[@b43-hir-26-2-83]\]. It can be framed as a prediction problem with the most common use case for elderly or sick people. Wearable data from a patient is processed as time series data to predict any critical condition of the patient, such as fall detection \[[@b44-hir-26-2-83]\], heart disease \[[@b45-hir-26-2-83]\], or even to detect early signs of Alzheimer disease \[[@b46-hir-26-2-83]\].

In conclusion, in this review study, we selected relevant publications from reputable databases related to wearable device research. The main motivation behind this paper is to give an up-to-date general overview of current research and trends involving wearable device interventions to improve health and wellbeing. From all these previous studies, we identified several factors that should be considered by other researchers. The first is the study design, which will determine the research framework. Researchers can choose between pre--post and case-control study or a combination of both. The selected study design will affect the sample size, as will the participant recruitment strategy, which includes defining the inclusion and exclusion criteria. The next crucial factor is to choose the most appropriate wearable device, which mainly is based on budget. Although Fitbit is considered the most accurate and robust wearable, there are other less expensive devices. The last important key point is the opportunity to implement advanced machine learning methods in analyzing time-series data captured by wearable devices to predict several vital signs and markers related to specific disorders. Collecting massive wearable device data from a large cohort study and complement this data with important clinical markers, either from questionnaires or clinical measurements, can boost the performance of a prediction model, which consequently allows this model to be integrated into real clinical settings.
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###### 

Summary of 9 recent review papers related to wearable device research

  Study                                     Year   Main topic
  ----------------------------------------- ------ -------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Strath and Rowley \[[@b5-hir-26-2-83]\]   2018   The effect of consumer wearable device intervention on behavioral change, physical activity, and health outcomes.
  Brickwood et al. \[[@b6-hir-26-2-83]\]    2019   The influences of consumer-based wearable activity tracker utilization on physical activity participation and sedentary behavior.
  Bohm et al. \[[@b7-hir-26-2-83]\]         2019   The effects of the combination of mobile health technology and wearable activity tracker intervention on physical activity-related outcomes.
  Aroganam et al. \[[@b8-hir-26-2-83]\]     2019   The trends and projections for wearable technology in the consumer sports sector. The role of wearable technology for different users and its benefits in everyday lives.
  Khakurel et al. \[[@b9-hir-26-2-83]\]     2018   Current knowledge about the recent trends in wearable technology to assess both its potential in the work environment and the challenges concerning the utilization of wearables in the workplace.
  Taj-Eldin et al. \[[@b10-hir-26-2-83]\]   2018   The benefits of wearable technology for certain populations who experience rapidly changing emotional states, such as people with autism spectrum disorder and people with intellectual disabilities.
  Johansson et al. \[[@b11-hir-26-2-83]\]   2018   Quantitative and qualitative clinical research using wearable sensors in epilepsy, Parkinson's disease, and stroke.
  Feehan et al. \[[@b12-hir-26-2-83]\]      2018   The accuracy of Fitbit devices in clinical and research settings.
  Farrahi et al. \[[@b13-hir-26-2-83]\]     2019   Machine learning approaches for validating and analyzing wearable device data.

###### 

Summary of 16 recent studies related to wearable device research

  ---------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
  Study                                        Year   Main objective                                                                                                                                                                       Study design
  -------------------------------------------- ------ ------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------ ----------------------------------------------------------------
  Nelson and Allen \[[@b15-hir-26-2-83]\]      2019   Assess the accuracy of the two most commonly used wearable devices, Apple Watch 3 and Fitbit Charge 2, in measuring heart rate.                                                      24-hour single-subject observational study.

  Witte et al. \[[@b16-hir-26-2-83]\]          2019   Compare the accuracy of 15 commercial wearable devices in measuring heart rate, step counts, and sleep duration.                                                                     Observational study with 6 healthy participants.

  Kwon et al. \[[@b17-hir-26-2-83]\]           2019   Estimating maximal oxygen uptake from daily activity data measured by a watch-type fitness tracker: cross-sectional study.                                                           Exploratory study. Statistical learning implementation.

  Jang et al. \[[@b22-hir-26-2-83]\]           2018   Evaluate the impact of wearable device and mobile app intervention towards general health outcomes of older adults in rural areas.                                                   Pre--post trial with 22 participants.

  Stiglbaur et al. \[[@b26-hir-26-2-83]\]      2019   Evaluate the influence of wearable self-tracking devices on consciousness, physical health, and indicators of psychological wellbeing.                                               Pre--post and case-control trial with 80 participants.

  Sano et al. \[[@b27-hir-26-2-83]\]           2018   Identify objective physiological markers and modifiable behaviors for self-reported stress and mental health status using wearable sensors and mobile phones: observational study.   Observational study with 201 participants.\
                                                                                                                                                                                                                                           Machine learning algorithm implementation study.

  Compagnat et al. \[[@b33-hir-26-2-83]\]      2019   Validate the reliability of wearable device accuracy and measure the impact of various wearable positions in stroke patients.                                                        Randomized control trial with 35 participants.

  Cheong et al. \[[@b34-hir-26-2-83]\]         2018   Evaluate the impact of wearable device and mobile app intervention on colorectal cancer patients undergoing chemotherapy.                                                            Pre--post trial with 102 participants.

  Lim et al. \[[@b35-hir-26-2-83]\]            2018   Beyond fitness tracking: the use of consumer-grade wearable data from normal volunteers in cardiovascular and lipidomics research.                                                   Exploratory study. Statistical learning implementation.

  Buchele et al. \[[@b36-hir-26-2-83]\]        2018   Examine the effects of wearable device intervention on students' daily physical activities and aerobic fitness levels.                                                               Pre--post and case-control trial with 116 participants.

  Reddy et al. \[[@b37-hir-26-2-83]\]          2018   Validate the accuracy of Fitbit Charge 2 and Garmin Vivosmart HR+ to measure heart rate and energy expenditure during a variety of dynamic activities.                               Randomized trial with 20 participants.

  Vandelanotte et al. \[[@b38-hir-26-2-83]\]   2018   Assess the effectiveness of a web-based computer-tailored physical activity intervention using Fitbit activity trackers: randomized trial.                                           Randomized pre--post case-control trial with 243 participants.

  Jones et al. \[[@b39-hir-26-2-83]\]          2018   Evaluate the accuracy of Fitbit Flex and ActiGraph GT3X+ to measure step count during jogging and running speeds.                                                                    Randomized control trial with 30 participants.

  Redenius et al. \[[@b40-hir-26-2-83]\]       2019   Compare the validity of Fitbit Flex and ActiGraph GT3X+ for sedentary behavior and physical activity.                                                                                Randomized control trial with 65 participants.

  Collins et al. \[[@b41-hir-26-2-83]\]        2019   Compare the accuracy of Fitbit Charge 2, wrist-worn ActiGraph GT3X+, and hip-worn ActiGraph to measure physical activity and sedentary time in knee osteoarthritis patients.         Randomized control trial with 35 participants.

  Varatharajan et al. \[[@b46-hir-26-2-83]\]   2018   Measure foot movements of Alzheimer patients using a wearable device.                                                                                                                Machine learning algorithm implementation study.
  ---------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------
